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Superfund, Hedonics, and the Scales of Environmental Justice  

 

 

Abstract:   

Environmental justice (EJ) is prominent in environmental policy, yet implementing EJ research 

is plagued by debates over methodological procedures.  A well-established economic approach, 

the hedonic price method, can offer guidance on one contentious aspect of EJ research: the 

choice of the spatial unit of analysis.  Environmental managers charged with preventing or 

remedying inequities grapple with these framing problems.  This paper reviews the theoretical 

and empirical literature on unit choice in EJ, as well as research employing hedonic pricing to 

assess the spatial extent of hazardous waste site impacts.  The insights from hedonics are 

demonstrated in a series of EJ analyses for a national inventory of Superfund sites.  First, as 

evidence of injustice exhibits substantial sensitivity to spatial unit, hedonics suggests some units 

conform better to Superfund impacts than others.  Second, hedonic estimates for a particular site 

can inform the design of appropriate tests of environmental inequity for that site.  Implications 

for policymakers and practitioners of EJ analyses are discussed. 
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Superfund, Hedonics, and the Scales of Environmental Justice  

Introduction 

The environmental justice (EJ) movement now occupies a prominent position in 

environmental policy.  EJ is a core principle for thousands of grassroots environmental 

organizations, is the subject of a Presidential executive order and an office in the EPA, and 

recently served to frame how the nation viewed the tragic aftermath of Hurricane Katrina.  This 

paper contributes to the research on environmental equity by (a) proposing a solution, which 

incorporates results from a well-established economic method, to an important problem in EJ 

analysis: the choice of the unit of analysis, and (b) presenting new evidence on the distributional 

equity of Superfund site locations at multiple units of analysis.  It offers a pragmatic approach to 

the modeling choices faced by many practitioners of EJ research, especially when sophisticated 

environmental modeling proves too costly. 

Choosing the correct spatial unit for analysis continues to vex empirical EJ researchers.  

This problem is amplified among policymakers.  State policymakers have found it difficult to 

identify communities at risk because there is little consistent guidance on how to do so, and US 

EPA provides limited guidance (Eady 2003). The National Environmental Justice Advisory 

Council suggests using Census tracts for construction of pollution burden matrices, because tract 

level data are readily available (NEJAC 2004).  Yet data availability may not coincide with 

optimal unit of analysis as it fails to address critical methodological problems inherent in spatial 

analyses.   

The modifiable areal unit problem (MAUP), often simplified as a matter of aggregation 

bias, has resisted solutions to date.  The approach taken here turns to the well-established 

hedonic price literature as one way to identify appropriate units of analysis.  Linking these two 
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literatures holds the promise of practically addressing one of the larger obstacles to advancing 

empirical EJ claims.  The hedonic price model, described in detail by Palmquist and Smith 

(2002), refers to a statistical relationship between the price of a multiattribute good (e.g., homes, 

cars) and its attributes.  For housing prices, relevant home characteristics includes its structural 

features, neighborhood quality, and other aspects of its location.  The utility of hedonic analyses 

for EJ research is demonstrated on a comprehensive, nationwide dataset of Superfund sites at 

four geographic units.  A procedure for practitioners to use hedonic analysis to select the 

appropriate spatial unit for EJ analysis is outlined.  The results contribute to the EJ literature by 

performing multi-unit analyses at the national scale as well as focused on a specific site. 

 

Literature Review on Scale in EJ 

EJ research is inextricably linked to matters of space and spatial aggregation.  From the 

earliest studies, which found evidence of injustice at county (US GAO 1983) and zip code 

(United Church of Christ 1987) units but later failed to find similar evidence at tract (Anderton 

and others 1994, Davidson and Anderton 2000) level, the critical role of unit of analysis became 

apparent.  Since then, numerous studies have explicitly acknowledged the importance of the 

choice of unit of analysis and sought to address it.  The variation in evidence for EJ as a function 

of the choice of unit of analysis is related to the concept of the modifiable areal unit problem 

(MAUP).  MAUP has been well recognized in the field of geographic analysis although it 

remains widely under- appreciated in many empirical applications of social science. 

 

Modifiable Areal Unit Problem 
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MAUP involves the choice of the proper geographic unit with which to analyze aggregate 

data.  The "modifiable" part refers to the possibility of choosing alternative real units to analyze 

the same phenomena.  For example, average household income could be measured for counties, 

voting precincts, watersheds, or other areal units.  As Jelinski and Wu (1996) outline, the MAUP 

can be decomposed into two parts.  First, the scale component, refers to the spatial resolution of 

the units, where usually smaller units can be combined to form the larger, aggregated geographic 

unit.  The scale choice can influence the observed variance in the phenomenon (e.g., income).  

When analyzing a given region where a stochastic data generating process gives rise to the 

individual characteristics, reducing the spatial scale (i.e., increasing the resolution) of analysis 

effectively increases the sample size and can reduce the observed variance.  Unless there is 

strong spatial clustering, analyses with larger units will tend to have smaller variances as the 

aggregated means regress toward a global mean.  Yet spatial clustering is common for 

demographics and for some environmental disamenities.   

The second component of the MAUP, zoning, refers to how a region is divided into areal 

sub-units, where unit boundaries may be drawn in such a way that they tend to contain correlated 

values.  In this sense, the zoning component shares much with gerrymandering.  Unfortunately, 

the effects of alternative boundaries on statistical analyses are impossible predict in general as 

they depend on both the underlying distribution of the characteristics being measured and on the 

method of boundary-setting.  Generally, the zoning component of the MAUP can be expected to 

affect the observed variance in the areal unit values (e.g., average income).  Drawing zones 

around similar (dissimilar) values can exaggerate (mask) the observed variance.  The contentious 

debates surrounding boundary-drawing in modern society and the strong spatial clustering of 

(sub)populations suggests that zoning concerns merit some attention. 
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In terms of predicting the effects of MAUP when analyzing statistical relationships, there 

appear to be some regularities in univariate and bivariate settings, though no formal theory has 

been developed (Jelinski and Wu, 1996).  For example, Fotheringham and Wong (1991) note 

that, in a bivariate analysis, correlations should rise with the scale of aggregation, given stable 

covariance.  Any such regularities are not extant in multivariate analysis, however.  

Fotheringham and Wong (1991) provide a review of research on the multivariate MAUP 

problem, attempt to calibrate linear and logistic regressions with various areal manipulations, and 

conclude “…the effects of the MAUP in multivariate analysis, unlike those in univariate and 

bivariate analysis, are essentially unpredictable.”  They suggest analysis of multivariate results at 

varying areal scales in different substantive applications, in order to determine the least variant 

areal unit appropriate to the field of study. 

 

MAUP and EJ 

In the context of environmental justice, researchers confront aspects of MAUP when 

choosing the unit of analysis.  The basic research question posed by most EJ studies tends to 

resemble the following: Are environmental conditions worse (are risks higher, is enforcement 

laxer, etc.) for certain types of people?  Operationalizing this question is no straightforward 

matter, however, and researchers have taken many different paths (see Mennis 2002 for 

additional discussion).  Perhaps the most common approach involves multivariate regression 

frameworks where the dependent variable, some measure of environmental conditions in a 

geographic area, is predicted using demographic, political, and economic variables for that area 

(see discussion and examples in Mohai and Saha 2006).  Such an approach, using geographic 
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areas as the unit of observation, is made easy by the recent prevalence of demographic and 

environmental data aggregated to Census boundaries.   

Often, the choice of spatial unit of analysis in EJ research is either driven by data 

availability or not explicitly justified by the authors.  In some cases, EJ researchers simply assert 

what unit is appropriate.  Spatial units range from Census blocks (e.g., Chakraborty and others 

1999) to counties (e.g., Earnhart 2004) and many resolutions in between (e.g., Pollock and Vittas 

1995, Been and Gupta 1997, Taquino and others 2002, Yandle and Burton 1996, Baden and 

Coursey 2002, Anderton and others 1994, Hockman and Morris 1998).  The researcher’s choice 

of geographic area, however, opens the findings to critiques of arbitrariness or worse (Sui 1999, 

Bowen and Wells 2002, McMaster and others 2002, Kurtz 2003, Glickman 2004, Baden and 

others 2007).   

 Currently there is little theoretical or conceptual guidance in identifying the correct unit 

of analysis and some contend that it may not even be possible (Anderton and others 1994).   Not 

surprisingly then, consensus is lacking in the literature for a single, clear definition of the 

relevant unit of analysis.  Some authors resort to intuition or theory to express their preferences 

for unit choices or predictions about the effects of the choice of spatial unit (e.g., Cutter and 

others 1996, McMaster and others 1997, Hockman and Morris 1998, Sui 1999, Bowen 2001, 

Mantaay 2002).  Ringquist (2005) sees unit of analysis largely as a matter of aggregation bias 

associated with larger units of analysis, where injustice effects should appear stronger at lower 

resolution.  On the other hand, Dolinoy and Miranda (2004) express the intuition that higher 

resolution predicts higher exposure concentrations.  Sui (1999) predicts ambiguous effects of 

scale on evidence of injustice due to the MAUP, muddying the conventional wisdom somewhat 

here. 
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As an empirical matter, several studies have conducted EJ studies at multiple units to find 

evidence for the effect of the choice of unit of analysis.  Using multiple units for the same scale 

(in space and time), and the same statistical methods, allows the sensitivity of results to be 

directly measured.  For examples of this research, see Anderton and others (1994), Glickman 

(1994, 2004), Bowen and others (1995), Cutter and others (1996), Sui (1999), Sheppard and 

others (2002), Taquino and others (2002), Dolinoy and Miranda (2004), and Baden and others 

(2007).  In his meta-analysis of EJ studies, Ringquist (2005) identifies unit choice as a major 

source of contention in the literature; his analysis, however, finds little evidence of systematic 

aggregation bias.  In total, even if the conventional wisdom is that effects get stronger as scale of 

aggregation increases, the empirical evidence on the matter is quite mixed.  Further, few studies 

conducted at multiple units employ consistent methods across the units of analysis and thus fail 

to provide a reliable evidence for the effect of unit choice (an exception to this is Baden and 

others 2004).  Overall, our review suggests that the choice of unit of analysis is a contentious 

issue in EJ and a conceptual basis for choosing the unit of analysis will benefit the researchers as 

well as the practitioners.   

 

Literature Review on Hedonics and NPL 

As studies that employ environmental modeling to spatially portray environmental 

conditions in greater detail are growing more popular in the EJ literature, this paper proposes a 

different approach.  Rather than rely on sophisticated and often complex models of 

environmental transport or plumes, market data can provide alternative measures of the spatial 

extent of environmental disamenities.  The literature suggests that the hedonic price method, a 
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well-established approach to environmental valuation, can provide one basis for choosing the 

spatial unit for EJ analysis.   

 

Hedonic Price Method and the Spatial Extent of Impact for EJ Analysis 

The hedonic price method utilizes the variation in house prices with variation in housing 

attributes (e.g., lot size, number of bed rooms, distance to an amenity, etc.) to statistically infer 

the implicit price of any particular attribute.  It is commonly used in natural resource damage 

assessment and other policy and legal settings (Palmquist and Smith 2002).  In environmental 

applications, the attribute of interest is some measure of environmental quality near the property.  

Thus, for example, for an environmental disamenity such as a hazardous waste site, the distance 

of the property from the site is treated as a proxy for environmental quality; that is, the 

environmental quality gets better as one moves away from the site.  Accordingly, one would 

expect that the closer a house to a hazardous waste site, the lower its price, all else being equal.  

Thus the hedonic price method hypothesizes that property markets reflect the impact of 

environmental disamenities via sales prices.   

Such market representations of impacts may not match perfectly with more strictly 

geophysical environmental models.  Yet they should capture at least the risks as perceived by 

residents (i.e., those possibly suffering from the injustice) rather than risks as estimated in an 

expert’s assessment.  Moreover, price effects can capture many impacts of a particular 

disamenity, including aesthetics, congestion, or other attributes not included in a strictly 

geophysical model.  Although several studies find different hedonic and non-hedonic valuations 

of environmental problems, there is a substantial body of work that shows hedonics perform well 

at measuring popular perceptions.  The economic literature has many comparisons of values 
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from housing market prices to those from external sources like risk assessments or engineering 

studies.  Most notably, Gayer and others (2000, 2002) find that a housing market reflects 

Superfund sites’ risks quite accurately after the EPA releases its remedial investigation and after 

improved information about sites.  Other applications also find substantial similarity between 

hedonic values and those from risk analyses (Davis 2004), surveys (Chattopadhyay and others 

2005, Hite 2009, D’Arge and Shogren 1989), and other damage estimates (Brookshire and others 

1985, Hallstrom and Smith 2005). 

Of course, there are limits to the inferences that can be drawn from property price data.  

Market data may poorly reflect the relevant interests.  The market price approach relies heavily 

on the harms perceived by residents, a potential weakness if risks aren’t capitalized.  There may 

be important market failures, like asymmetric information yielding misleading prices.  

Information surely plays a crucial role.  For example, if Hispanics lack information, perhaps due 

to language barriers, market prices might not accurately reflect a hazard’s impact.  The reality is 

that great uncertainty clouds many hazards, markets may reflect or distort that uncertainty even 

as epidemiologists and other experts struggle with complex situations.  There may also be biases 

in the statistical analysis of the hedonics.  Modeling concerns like omitted variables, sample 

selection bias, and spatial autocorrelation (see, e.g., Anselin and Lozano-Gracia 2008) are 

generally also present with alternative approaches, and often epidemiological/fate-and-transport 

models face even greater challenges.  Property markets provide a measure of the perceived 

impacts even when there is significant scientific uncertainty.  Property markets need not have the 

final word; they are just one measure. 
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Hedonics and NPL Sites 

For many environmental hazards, numerous hedonic price studies have revealed 

considerable information about the spatial extent of impact.  Hedonics employs statistical 

analyses to identify how much variation in sales prices are attributable to different features of the 

property (e.g., lot size, number of rooms, distance to an amenity).  Price effects have been 

measured for environmental disamenities commonly discussed in the EJ literature, such as 

landfills (e.g., Hite 2009, Hite and others 2001, Nelson and others 1992), TSDFs / RCRA sites 

(Thayer and others 1992), and air quality (Smith and Huang 1995; Boyle and others 2001, Smith 

and others 2004).  This paper explores another area popular in both EJ and hedonic literatures: 

Superfund National Priorities List (NPL) sites.   

 

 

[Table 1 here] 

 

 

Of interest here are studies that identify when the price effects of proximity to NPL (or 

other hazardous) sites fade to zero.  Table 1 reviews 14 studies that use the hedonic price method 

to measure the effect on property prices of distance to an NPL or other hazardous waste site.  

Table 1 reports the hazard(s) studied and, for NPL sites only, environmental media through 

which the risks are transmitted.  The EPA tracks the contaminated media for NPL sites, whether 

it is air (A), water (W), soil (S), other (O), or some combination (EPA 2003).  Most sites have 

multiple contamination types.  Many of these hedonic studies pay close attention to how prices 
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reflect changes in site status (e.g., discovery, listing, remediation, de-listing).  They provide 

evidence that prices capture a site’s changing impacts over time as changes in status are 

associated with changes in prices.  Although many of the studies reviewed are concerned with 

the timing of information flows and consumer responses, for purposes of comparability, only 

distance effects for periods when the presence of a site is clearly recognized are reported.  Table 

1 also reports the maximum distance at which the site(s) affects property values, and whether 

that distance is derived or assumed. Most effects were found to dissipate within 2-5 miles; all 

results find price effects are indistinct after 6 miles.   

 

Data and Methods 

To demonstrate the usefulness of the hedonic approach to defining the unit of analysis, 

this paper conducts numerous conventional or “classic” (Mohai and Saha 2006) EJ studies for 

NPL sites.  This is done in two parts.  The first is a set of multivariate statistical analyses of 

patterns in demographics and Superfund sites nationwide (of particular interest to academic EJ 

researchers).  The second part demonstrates an EJ analysis of a single site (of particular interest 

to practitioners and managers doing an EJ study).  In both parts, the hypothesis is that evidence 

of injustice is sensitive to the choice of the unit of analysis.  In addition, in the appendix, this 

paper identifies systematic patterns in this sensitivity as the characteristics of the hazard vary.  

This tests the hypothesis that hazards typically associated with larger spatial impacts (i.e., larger 

“footprints”) tend to exhibit more unjust localities at different units than more spatially confined 

hazards.  The appendix reports estimates of the classic EJ approach at different spatial units for 

different types of NPL sites – showing whether sites with larger “footprints” (e.g., air pollution 

impacts) tend to show stronger evidence of injustice at larger units. 
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First, a conventional empirical EJ model is developed here.  This lends comparability 

between our findings and those prevalent in the EJ literature.  This analysis seeks to identify the 

sensitivity of commonly reported EJ evidence to the choice of the unit of analysis and then to 

demonstrate how that sensitivity relates to the spatial extent of impacts as measured through 

property markets.   

A logit model predicts the presence of a site using several covariates standard in the EJ 

literature.  The dependent variable equals 1 if there is at least one site listed on the NPL as of the 

year 2002 in the areal unit, and 0 otherwise.  Similar approaches can be found in Anderton and 

others (1994), Been (1995), and Cutter and others (1996), among others.  The variable 

definitions and their summary statistics are in table 2.  The variables of interest (percent black, 

percent Hispanic, and median household income) capture three forms of injustice.  

Environmental racism or inequity for the poor can be identified if the coefficients for these 

variables are found to be significant and positive or negative, respectively.  All demographic 

variables are from the 2000 U.S. Census and include the entire United States.  The control group 

is thus all geographic units not hosting an NPL site. 

 

 

[Table 2 here] 

 

 

Identical analyses were performed at each of four different spatial units: county, zip code, 

tract, and block group.  Table 2 shows descriptive statistics for the variables across different 

units.  All models include state-level fixed and random effects.  The logit models were also 
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estimated for subsamples of the NPL sites based on the media of their contamination.  Dummy 

variables for four categories of contaminant media are constructed as air, water, soil, and other.  

Separate logit models for each media type can be interpreted as estimating the location-specific 

demographic characteristics for each type of NPL site.  In this way, unjust siting conditions for 

different types of sites can be observed at different spatial units. 

 

Results 

Sensitivity of EJ Evidence to the Choice of Unit of Analysis 

The results of the full sample logit models are summarized in table 3.  The results are 

broadly consistent with the existing EJ literature.  Most of the non-justice variables show fairly 

consistent effects across spatial units.  The results for unemployment, however, are positive and 

significant only at the block-group level.   

 

 

[Table 3 here] 

 

 

NPL sites are not distributed randomly with respect to demographics.  Areas with greater 

proportions of blacks are more likely to have an NPL site, at all units considered here.  Greater 

proportions of Hispanics are also positively associated with NPL site locations, but only at the 

smaller units.  Counties hosting NPL sites tend to have smaller proportions of Hispanics.  

Perhaps most interestingly, poorer areas are more likely to have NPL sites when those areas are 

small (i.e., tracts or block groups), but richer areas are more likely to have NPL sites when the 
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unit is large.  Such a result resembles the doughnut-style economic development described in 

Anderton and others (1994).  Overall, across the different units of analysis, the evidence of 

justice is mixed.  For blacks, the evidence points to consistent injustice.  For Hispanics, however, 

the evidence switches across units, demonstrating both justice and reverse injustice depending on 

the unit chosen for analysis.  And, for the poor, the evidence points to injustice only at some 

spatial units. 

The appendix reports an analysis of NPL sites separately, differentiated by the nature of 

the pollutant media.  Overall, the evidence of injustice for particular types of NPL sites is 

roughly comparable to the evidence of injustice across all NPL sites.   

The sensitivity of some of the evidence to spatial unit is particularly interesting in light of 

the conclusions of previous research.  For NPL sites in the U.S., the pattern in table 3 contradicts 

the conventional wisdom among many geographers and others in the EJ field (e.g., Cutter and 

others 1996, Ringquist 2005) that injustice is more easily observed at larger units.  Table 3 

indicates the strongest evidence of injustice at the block group and tract scales, weakening and 

sometimes even reversing at the larger units. 

The sensitivity of the results to the unit of analysis highlights the importance of the 

researcher’s choice of spatial unit.  The hedonic literature on NPL and hazardous waste can 

guide the selection of the appropriate unit, however.  Most studies identify that price effects of 

proximity to hazardous waste sites dissipate within 2-5 miles.  Although there is noticeable noise 

in this estimate, a typical impact radius of more than a few miles points to an appropriate unit 

somewhat larger than most tracts and smaller than most counties for a nationwide study of 

Superfund sites.  This follows Glickman (2004) and Ringquist’s (2005) recommendation to 

somehow match researchers’ definitions of community to the actual area of environmental 
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impact.  Yet picking an aggregated unit (e.g., zip codes) to match a uniform, typical impact size 

for the hazard encounters problems when the aggregated units vary widely and systematically in 

size.  Mohai and Saha (2006) offer an excellent way to deal with this problem – defining 

disaggregated units as proximate if more than half of their area lies in the impact zone.  Thus, 

table 3 reports a fifth logit analysis, where block groups are considered NPL hosts if at least 50% 

of their area is within 6 miles of a site. (Six miles represents the upper limit of impact zones from 

the literature in table 1, likely yielding conservative coefficient estimates.)  The mixed results 

reinforce the sensitivity to unit choice and inconsistency, where minority and rich communities 

are less likely to host.  Where results are sensitive to unit choice, the hedonic values offer 

guidance (with justification) for a practitioner looking to choose a spatial unit for analysis. 

 

A Procedure for Using Hedonics to Inform a Single-Site EJ Assessment 

Up to this point, the hedonics estimates suggested a spatial  extent of impact typical of 

NPL sites, and this recommended a spatial unit of analysis for a conventional EJ study for a 

broad class of sites.  Practitioners, however, are often required to analyze EJ evidence for a 

particular site.  Hedonics estimates can also identify any one site’s geographic area of impact.  

This may be most appropriate, considering the great heterogeneity across NPL sites (Kiel and 

Williams 2007).  This alternative method uses hedonics to evaluate the extent to which residents 

suffer from the disamenity.  Hedonic estimates can identify the spatial extent of a site’s impact 

on property values and even the impact severity.  Such information allows equity comparisons.  

For example, if hedonics reveals that a site’s impact dissipates after five miles, a sample of 

observations taken inside and outside this region enables tests of environmental equity.  

Sampling smaller geographic units (e.g., block groups) should more closely correspond to the 
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estimated impact zone.  A comparison of observations inside the hedonics-identified impacted 

area with those outside presents a much more accurate EJ comparison than the usual reliance on 

demographic differences in host block groups, tracts, etc.  Plus, unlike geophysical models, such 

hedonic analyses are often available to the researcher at low cost. 

This section outlines a procedure for practitioners to identify the appropriate spatial 

bounds for an EJ analysis when the analysis is focused on any one particular site.  Mapping the 

nuisance in some GIS facilitates analysis.  The procedure described employs Census data for 

convenience; other data and areal units can be used in other contexts. 

1. Search for existing hedonic studies, published or not, on the site.  If found, skip to step 6 if 

possible.   

2. Collect and map demographic data at multiple census units, especially small units (e.g., 

block groups).  Census data linked to Census areal units are readily available from the US 

Census Bureau; intercensal years may require estimation or alternative data sources.   

3. Obtain and map housing value data – including property characteristics (e.g., number of 

bedrooms, lot size, etc.) and sale prices (ideally) or assessed value.  Rich geographic data 

describing properties’ neighborhoods are also critical.  Of course, distance of each property to 

the site must be measured.  The extensive availability of GIS tools has made distance 

measurement a fairly straightforward exercise. 

4. Conduct hedonic price analysis.  Consult an expert or see texts like Freeman (1993) and 

excellent examples like those papers in table 1 and Noonan and others (2007).  Essentially the 

task is to regress housing values on housing and neighborhood characteristics (as control 

variables) and the distance to the local environmental hazard.   
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5. Test for robustness of hedonic estimation to second-order spatial effects or for spatially 

autocorrelated errors.  Spatial autocorrelation arises when the statistical noise in (price) 

predictions tends to cluster geographically.  A fully specified hedonic price function may not 

exhibit spatial autocorrelation, but spatially correlated unobservables may require advanced 

spatial econometric techniques to avoid potential bias (see, e.g., Anselin and Lozano-Gracia, 

2008; Kim and others, 2003).  Careful hedonic (and EJ) analyses should take care to make 

statistical inferences robust to spatial dependence in the data. 

6. Identify where proximity to site no longer affect price.  Special attention must be made to 

identify when the coefficient of distance-to-site variable (i.e., the slope of the price gradient or 

“marginal price” of distance) becomes 0 – or when distance no longer corresponds to price.  This 

can be done a number of ways, such as via careful functional form specification (e.g., 

discontinuities, spline functions).  A simple method is to use discrete “distance bands” and 

observe where their effects vanish. 

7. Let the spatial zone of impact identified in step 6 inform the EJ analysis.  Simply divide the 

region into two groups, those whose housing values are affected by nearness to the site and 

everyone else.  This approach will identify the appropriate spatial extent for EJ analysis, and will 

also provide the ancillary benefit of generating information about the extent of perceived effect 

for the environmental hazard.  Equity can be assessed by statistically testing the difference in 

mean values of the EJ variables (race and income) within and outside the impact zone.  First, it 

should be emphasized here that identifying who are within and who are outside the impact zone 

is often not straightforward, given the nature of spatial aggregation of census data.  EJ studies 

use several approaches to identifying the census units that fall within a particular impact zone 

around a waste site (see Mennis, 2002 for details of different approaches used in EJ literature).  
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A complex and more accurate method is called dasymetric mapping (Mennis, 2002; Boone, 

2008) in which land use maps are used to delineate the areas where population live within a 

census unit.  The second issue here is identifying the comparison group, i.e., the question of who 

lives outside the impact zone.  The results of EJ analysis are likely to vary depending on whether 

one chooses the rest of the county, MSA, or state as the comparison group and currently there is 

little consensus on or theoretical guidance for this choice. 

 

A Demonstration 

This alternative approach is demonstrated using results of Kolhase’s (1991) study of properties 

around the South Cavalcade St NPL site in Harris County, TX.  This represents finding a study 

in step 1 and then proceeding to step 6.  This example is selected only for convenience (a readily 

available study).   

The South Cavalcade site was a 66-acre wood treatment plant near downtown Houston 

that operated from 1910-1962 and was listed on the NPL in 1986.  Constructing a buffer of 4.76 

miles around the NPL site, the distance threshold identified by Kohlhase (1991) for that site, 

allows for a test of the difference in means of EJ variables (i.e., percent black, percent Hispanic, 

and median income) inside and outside of this buffer.  This analysis is conducted at both Census 

tract and Census block group units within Harris County because smaller units can better match 

the 4.76-mile buffer.  The rest of the county serves as the comparison group.   

Evidence at both units of analysis for all three variables suggests environmental 

inequities around South Cavalcade NPL site.  For instance, the mean percent black in block 

groups or tracts within the buffer is 11.7 percent or 12.5 percent, respectively, greater than 

elsewhere in the county.  Median household incomes are $21,000 lower inside the buffer than 
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outside.  Using a logit model, the likelihood of a block group or tract being inside the buffer is 

positively associated with percent minority and negatively associated with income.  The results 

for the difference in means and for the logit analysis all point to significant evidence of 

environmental injustice (except for percent black at tract level).  The results are presented in 

table 4.  Obviously, making causal inferences about the source of the inequity is problematic, 

especially in light of this site’s early establishment. 

 

 

[Table 4 here] 

 

 

Discussion  

Evidence of environmental injustice varies substantially across geographic units.  Table 3 

depicts this inconsistency for NPL sites nationwide.  While theories of environmental justice 

provide limited guidance on the proper geographic unit, data limitations make an ideal solution 

unlikely, especially using the geography developed by the Census.   

Hedonic analyses of property markets may help researchers address this problem by 

identifying appropriate geographic bounds.  A thorough review of the hedonic literature shows 

that NPL and other hazardous sites’ impacts typically extend no more than 6 miles away from 

the site.  Their impact zone appears larger than tracts or block groups, yet smaller than counties.  

This 6-mile buffer identified in the hedonics can inform the areal concentration approach (Mohai 

and Saha 2006) for conducting a conventional EJ study for the Superfund program facilities.  

Furthermore, if the spatial impact zone of an NPL site is related to the media that it 
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contaminates, one might reasonably use different scales for different types of sites in 

conventional EJ analyses.  The analysis, summarized in the appendix, shows that the evidence of 

environmental inequity differs only somewhat across media types.  

This paper has reviewed the intractability and confusion arising due to the MAUP in the 

context of environmental justice.  Political and legal imperatives will continue to demand EJ 

analyses despite these challenges.  This paper proposes that a well-established economic method, 

the hedonic price method, offers useful guidance to policymakers and researchers in conducting 

an original EJ analysis.  The hedonic literature for many kinds of disamenities can be used to 

inform the choice of spatial unit and geographic scale in environmental justice studies.  It helps 

researchers avoid seemingly arbitrary unit choice.  It adds to the validity of the researchers’ 

choice by relying on the revealed preference of those most affected by the disamenity (i.e., 

residents).  Such an approach might inform the choice of the zip code scale or, better still, the 

areal concentration approach for an analysis such as in table 3.  For the large-N studies of entire 

classes of disamenities (e.g., all NPL sites) common to academic research, the approach used 

here can help objectively and transparently identify an "appropriate" impact zone.  This could go 

a long way towards defusing some of the threat posed by the MAUP in the EJ literature.  The 

results in table 3, once the county model is dropped because counties are too large, point to 

considerable consistency across the different scales of the unit of analysis.  

EJ analysis for specific sites, which the practitioners (e.g., administrators and government 

analysts) often encounter, could also benefit from the proposed hedonic approach to choosing the 

appropriate spatial area for analysis.  Results of a hedonic analysis can instruct the design of 

appropriate tests of injustice.  This approach is demonstrated in table 4 using results from a 

hedonic analysis of the South Cavalcade NPL site in Harris County, TX to help identify which 
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residents are in the impact zone of the hazard and those who are not.  At least with respect to this 

site, the evidence strongly supports the existence of environmental inequities.   

This analysis suggests an approach generalizable across environmental policy contexts.  

Given the technological advances in statistical and GIS software and the increasing availability 

of demographic data in many cities, hedonic analyses are becoming easier to perform.  To 

properly calibrate an EJ study, thereby blunting criticisms of arbitrariness or bias, a policy 

analyst could estimate a simple hedonic regression to determine the extent of the spillover effects 

of a disamenity on property values.  This information can then guide an investigation of the 

extent of environmental injustice.  A feasible and broadly applicable step-by-step procedure is 

outlined here.  Of course, other approaches may also be available. 

Before we conclude, a few caveats regarding the approach proposed here need 

reemphasis.  First, the hedonic approach is only one possible approach to identifying the spatial 

extent of the environmental impact of disamenities.  As explained earlier, a number of issues 

such as information asymmetries and statistical biases could influence the results of hedonic 

analysis.  Thus we view our approach more as a complement than a substitute for the more 

sophisticated, but often complex, environmental fate and transport models.  Still, we maintain 

that the hedonic approach offers an improvement over arbitrary or less-transparent methods for 

identifying spatial “footprints” of sites.  Second, from a practitioner perspective, conducting an 

original hedonic analysis (when published reports are not readily available) is perhaps not an 

easy task, especially a state-of-the-art hedonic model.  While the hedonic analysis is not as 

complex as most fate and transport models, hedonic analyses could still overburden the technical 

resources available at local and state governments.  Finally, the approach presented here solves 

only part of the EJ analysis puzzle.  At least two other aspects of conventional EJ analysis still 
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require some resolution.  One is choosing the appropriate geographic area to compare against 

when testing whether some population groups are more concentrated within the impact zone than 

others.  The other aspect is choosing the control variables in the logistic regressions that predict 

the probability of finding a hazard within a census unit.  The choice of control variables 

determines the counterfactual state and the EJ results are potentially sensitive to this choice 

(Noonan, 2008).  Just as advanced spatial regression techniques can affect hedonic results, 

spatial econometrics can alter findings of EJ analyses (e.g., Pastor and others 2004, Grineski and 

Collins 2008). 

 

Conclusions 

Public agencies are often faced with the difficult task of conducting objective analyses of 

complex problems, and EJ is surely no exception.  Heated debate surrounds the use of empirical 

evidence on this topic.  Up to this point, surprisingly little practical guidance has been offered to 

agency officials, planners, or policy advocates, seeking to produce objective, valid measures of 

environmental justice.  This paper marks a step in this direction.  It suggests that the mountain of 

hedonic research produced by urban and real estate economists can be used to craft more robust 

EJ studies.  The hedonic approach lets behavior in housing markets indicate the scale and scope 

of a hazardous facility’s impact.  While the hedonic method may not capture the spatial extent of 

the full range of impacts associated with the environmental disamenities, this approach at least 

provides a transparent basis for choosing the spatial area of analysis in conventional EJ studies. 
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Appendix 

Table 5 provides a summary of additional estimations of logit models that predict the 

presence of NPL sites by media.  Separate estimations are performed for air, for water, for soil, 

and for other sites.  The results are given for the race and income variables only, while the 

control variables are omitted from the table for brevity.   

 

 

[Table 5 here] 
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Table 5 reveals several patterns.  For air-polluting NPL sites, injustice appears with 

respect to race at small units.  The sign on the effect of Hispanic changes and becomes 

significant at the county level.  In addition, income is only significant at the tract level.  At the 

largest unit, less Hispanic counties are more likely to have air-related NPL sites.  For water-

related sites, injustice with respect to blacks also appears below the county level, with respect to 

the poor below the zip code level, and with respect to Hispanics at zip code and tract levels.  

Soil-related sites are more likely to be found in more black areas (when the area is smaller than 

county) and in poorer and more Hispanic areas (when the area is smaller than zip codes).  The 

effect of Hispanics, however, reverses at the county level – where Hispanics are less likely to be 

in counties with water- or soil-polluting NPL sites.  For “Other” sites, Black is positively 

associated with the probability of hosting an NPL site at any unit of analysis.  While injustice 

appears for Hispanics at units below the county level, the results for income are again mixed.   

Sites with different contaminants may be expected to have varying spatial impacts.  The 

hedonic literature suggests that the effects of proximity do indeed vary substantially across sites 

(Kiel and Williams 2007), although explaining this variation remains a challenge.  If sites with 

air contaminants have broader impacts, and those with soil contaminants have a more confined 

impact, how evidence of injustice varies across contaminant types can give at least a crude 

indication of the pattern of injustice for NPL sites nationwide.  For air contaminant sites, the 

evidence rejects the injustice hypothesis for blacks, Hispanics, and the poor, especially at the 

county level.  If the larger unit is the most appropriate for these sites, the evidence points to 

disproportionately higher exposure for counties with fewer Hispanics.  If these smaller units are 

most appropriate for soil contaminant sites, it appears that minorities and the poor are 

disproportionately exposed to these hazards.  Overall, logit analyses at small units support the 
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injustice hypothesis, whereas these effects vanish and reverse at larger (county) scales.  

Interestingly, the results in Table 5 for particular subsets of sites do not differ dramatically from 

the results for the full set of sites.  Assessing injustice by looking at large or small units for only 

large or small “footprint” sites does not seriously alter the results from all sites as reported in 

Table 3.  
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Table 1:  Summary of NPL Spatial Economic Impact Studies 
Study Hazard NPL media type Max. distance of effect 
Michaels and 
Smith, 1990 

Eleven NPL and non-NPL 
sites in suburban Boston 

Many sites/media No discussion 

Kohlhase, 1991 

Pooled NPL sites in Harris 
county, TX 

Many sites/media 6.19 miles 

Brio Refining Inc A, W, S, O 2.61 miles 
Crystal chemical Co W, S 2.94 miles 
Geneva Industries W, S, O 1.86 miles 
Harris-Farley A, W, S 4.87 miles 
Sol-Lynn Industrial 
transformers 

W, S, O 3.92 miles 

South Cavalcade St W, S 4.76 miles 

Kiel, 1995 Industriplex and W&G Well, 
Woburn, MA 

Industriplex: A, W, S 
W&G Well: W, S, O 

No discussion 

Dale and others, 
1999 

RSR Smelter in Dallas W, S, O Slower rebound within 2 miles of 
the site compared to other areas 

Gayer and 
others, 2000 

Seven NPL sites & non-NPL 
sites in Grand Rapids, MI 

Many sites No discussion 

Kiel and Zabel, 
2001 

Industriplex and W&G Well, 
Woburn, MA 

Industriplex: A, W, S 
W&G Well: W, S, O 

Assumed to be zero beyond 3 
miles from the site 

McClusky and 
Rausser, 2003 

RSR Smelter in Dallas W, S, O Price premium for distance flattens 
out after 2.6 miles 

Deaton and 
Hoehn, 2004 

Barrels, Inc., and Motor 
Wheel, Lancing, MI 

Barrels, Inc: Not 
available 
Motor Wheel: W, S  

No assumptions on maximum 
distance effect 

Chattopadhyay 
and others, 2005 

Waukegan Harbor, IL S, W Distance effect is assumed to 
vanish after 5 miles 

Kiel and 
Williams, 2007 

57 NPL sites in 20 counties Many sites/media Assumed to be 3 miles 

Nelson and 
others, 1992 

Landfill (non-hazardous) in 
Minneapolis 

Not an NPL site 2.5 miles 

Smolen and 
others, 1992 

“Envirosafe Landfill”, 
Toledo, OH 

Not an NPL site No effect of waste site on prices 
for “greater than 5.75 m” range. 

Thayer and 
others, 1992 

Waste (hazardous & non-
hazardous) sites in Baltimore 

Not an NPL site Gradient shifts after 1 mile and 4 
miles in linear specification and 
after 5 miles in semi-log  

Hite and others, 
2001 

Four landfills, Franklin 
County, OH 

Not an NPL site Assumed to be 3.25 miles 

Ihlanfeldt and 
Taylor, 2004 

Hazardous waste sites in 
Atlanta 

Not an NPL site Assumed a threshold of 2 mile 
radius from the sites  
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Table 2:  Descriptive Statistics 
 County Zip Code Tract Block Group 

Variable Mean Std. Dev. Mean 
Std. 
Dev. Mean 

Std. 
Dev. Mean 

Std. 
Dev. 

NPL .2121 .4089 .0318 .1756 .0220 .1466 .0072 .0845 
MSA .3615 .4805 .5225 .4995 .8129 .3900 .7972 .4021 
Density .0001 .0006 .0004 .0017 .0021 .0046 .0023 .0051 
Population 89.1615 290.229 7.9263 12.8373 4.3288 2.1222 1.3575 .8929 
Urbanicity .4139 .3159 .3428 .4318 .7779 .3735 .7741 .3928 
Manufacturing .0706 .0428 .0708 .0581 .0653 .0415 .0668 .0467 
Unemployment .0273 .0123 .0263 .0301 .0300 .0278 .0295 .0307 
Black .0874 .1443 .0712 .1628 .1361 .2360 .1317 .2441 
Hispanic .0842 .1863 .0648 .1494 .1260 .2122 .1229 .2170 
Income 34.7306 9.3972 40.0297 17.5493 43.7907 21.9678 44.2645 22.8493 
No. of obs. 209,899 66,000 40,844 3,376 
Variable descriptions: 
NPL – Dummy variable taking a value of 1 if areal unit contains at least one NPL site 
MSA – Dummy variable taking a value of 1 if areal unit is in or abuts a metropolitan statistical 

area 
Density – Population density of areal unit, measured as total population divided by area (in m2)  
Population – Total population (in 1000s) of areal unit 
Urbanicity – Share of total population that is classified as “urban population” in areal unit 
Manufacturing – Share of employed population working in manufacturing jobs in areal unit 
Unemployment – Unemployment rate in areal unit 
Education – Share of total population in areal unit who have graduated high school 
Housing Value – Median housing value (in $1000s) in areal unit 
Black – Share of population identifying self as black or African American or Negro as primary 
racial classification in areal unit  
Hispanic – Share of population identifying self as Hispanic or Latino in areal unit, not mutually 

exclusive with Black 
Income – Median household income (in $1000s) in areal unit 
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Table 3: Logit Regression Results for NPL Sites Nationwide 
 County Zip Code Tract Block Group Areal Conc. 
 Coef. Coef. Coef. Coef. Coef. 
Black .901 .846*** .891*** .870*** -.483***
 (1.45) (3.74) (5.24) (5.96) (12.33) 
Hispanic -1.393* .845*** 1.297*** 1.158*** -.673***
 (1.80) (3.01) (5.96) (5.84) (12.96) 
Income .015 -.002 -.010*** -.010*** -.009***
 (1.48) (.92) (5.75) (6.46) (26.94) 
Density -487.939** -580.442*** -1048.134*** -1316.674*** 55.392***
 (2.49) (8.38) (14.80) (13.73) (20.92) 
Population .001 .031*** .102*** .232*** -.217***
 (.98) (13.02) (8.96) (11.42) (30.16) 
Urbanicity 2.656*** 1.306*** .412*** .462*** .594***
 (9.22) (10.75) (4.23) (4.87) (26.38) 
MSA .416*** .362*** .302*** .445*** -.902***
 (2.93) (3.62) (3.88) (6.13) (33.29) 
Manufacturing 3.089* 3.066*** 3.832*** 2.850*** -2.011***
 (1.90) (6.04) (5.40) (5.02) (10.76) 
Unemployment 11.067 .075 -.436 1.654** .154 
 (1.18) (.07) (.38) (2.44) (.53) 
  constant -4.067*** -5.456*** -5.042*** -6.066*** 4.332***
 (6.31) (15.25) (17.10) (21.71) (44.87) 
State fixed effects included included included included included 
N 3178 31626 65741 209637 209637
LR χ2(59)a 529.53 1082.45 950.42 1062.50 8072.96
Prob > χ2 0 0 0 0 0
Pseudo R2 .2291 .1220 .1032 .1104 .0864
Absolute value of z statistics in parentheses 
a The LR χ2 statistic has 56 degrees of freedom for the county-scale model, because states 6,8,11 
predicted perfectly. 
* significant at 10%; ** significant at 5%; *** significant at 1% 
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Table 4:  South Cavalcade Environmental Injustice Results 
 Difference in Meansa Logit Analysis 

Block Group Tract Block Group Tract 
Percent Black 11.7 (6.6) 12.5 (4.3) 1.84 (4.27) 1.35 (1.58) 
Percent Hispanic 22.0 (12.8) 20.1 (7.4) 2.98 (6.76) 2.60 (3.00) 
Median Income ($) 21.8 (12.5) 21.1 (7.7)  - .05 (-5.75)  -.07 (-3.70) 

a Positive difference indicates injustice.   
Numbers in parenthesis represent t- or z-statistics as applicable 
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Table 5:  Summary of EJ Results across Scales, Media 
Sample Variable County Zip Code Tract Block Group 

Full 
Black .901 .846*** .891*** .870*** 
Hispanic -1.393* .845*** 1.297*** 1.158*** 
Income .015 -.002 -.010*** -.010*** 

Air 
Black .623 .336 1.058*** .692** 
Hispanic -3.049** 1.459*** 1.816*** .872* 
Income .010 .001 -.008** -.005 

Water 
Black .761 .743*** .943*** .627*** 
Hispanic -1.739** .882*** 1.215*** .367 
Income .010 -.002 -.011*** -.007*** 

Soil 
Black .598 0.904*** .939*** .670*** 
Hispanic -2.336** .864*** 1.272*** .451* 
Income .007 -0.002 -.011*** -.006*** 

Other 
Black 1.906** .952** 1.081*** .795*** 
Hispanic -1.287 1.859*** 1.679*** 1.029** 
Income .024** .002 -.010*** -.001 

* significant at 10%; ** significant at 5%; *** significant at 1% 
 

 




